To establish a quantitative structure-activity relationship for non-competitive antagonists of the N-methyl-d-aspartate receptor, 48 substituted dibenzo [a,d]cycloalkenimine derivatives were analyzed by principal components, a descendant multiple regression analyses, multiple non-linear regression and an artificial neural network. We propose non-linear and linear quantitative structure-activity models and interpret the activity of the compounds by the multivariate statistical analysis. Density functional theory with Becke's three-parameter hybrid function and Lee-Yang-Parr exchange correlation functional calculations were performed to define the structure, chemical reactivity and properties of the study compounds. The topological and the electronic descriptors were computed with ACD/ChemSketch and Gaussian 03W programs, respectively. The study shows that multiple regression and multiple non-linear regression analyses predict activity; however, predictions made with a 6-2-1 artificial neural network model were more accurate. This model gave statistically significant results and showed good stability to data variation in leave-one-out cross-validation.
Introduction
Excitatory amino acids form the mainstay of synaptic transmission in the central nervous system. By the same token, dysfunctional toxic activity of excitatory which are perhaps more susceptible to excitotoxicity from corticostriatal inputs, as reflected by loss of the N-methyl-d-aspartate receptor and interactions with facilitatory group I metabotropic glutamate receptor. In schizophrenia, abnormalities in brain (dendritic) development and synaptic plasticity may precipitate dysfunction of mesolimbic and mesocortical dopaminergic pathways. Here again, aberrations in glutamatergic transmission in the form of N-methyl-d-aspartate receptor hypofunction may be involved [1] .
Dizocilpine, a compound originally characterized as an anticonvulsant, is a potent N-methyl-d-aspartate receptor antagonist [2] . It binds selectively and with high affinity to the receptors when they are open [3] and is therefore referred to as a use-dependent N-methyl-daspartate receptor open channel blocker with a very slow off-rate. These properties can be exploited to 'pre-block' a population of receptors, such as synaptic ones, resulting in selective activation of a different population, such as extra-synaptic receptors. The usefulness of this approach depends on the stability of dizocilpine blockade after washout [4] .
Early electrophysiological and ligand binding studies revealed that blockade of N-methyl-d-aspartate receptors by dizocilpine persisted long after the drug had been washed out [5] . This unusual property means that the blockade of receptors is highly stable and can be regarded as 'irreversible' over many experiments. It is therefore used to 'permanently' block a sub-population of N-methyl-d-aspartate receptors in order to study a separate population of non-blocked receptors. An example of such use is in the study of synaptic and extra-synaptic receptors [6] . Differential signaling by the neuroprotective phasic activation of synaptic N-methyl-d-aspartate receptors as compared with the deleterious tonic activation of extra-synaptic receptors is a topic of much current interest [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] .
Quantitative structure-activity relations are used to investigate the relations between molecular descriptors of the unique physicochemical properties of a set of compounds and their biological activity or chemical property [20, 21] . We attempted to establish a quantitative structure-activity relation for non-competitive antagonists of N-methyl-d-aspartate receptors by studying a series of 48 substituted dibenzo[a,d]cycloalkenimine derivatives.
Material and methods

Experimental data
In order to determine quantitative structure-activity relations for non-competitive antagonists of N-methyl-d-aspartate receptors, we used 48 compounds that have been synthesized and evaluated for their ability to displace dibenzo[a,d]cycloalkenimines from their specific binding sites on rat cortical membranes and for their antagonistic activity against the N-methyl-d-aspartate receptor. As proposed by Thompson et al. [22] , 38 molecules were selected for the quantitative model (training set), and 10 were selected randomly to test the performance of the proposed model (test set).
The molecular structures and computational models for the 48 derivatives are shown in Fig. 1 and Table 1 and described by their substituents as R1, R2,  R3 , R4, R5, R6 and R7. Although Thompson et al. proposed 73 compounds, the structures of the remaining compounds are different from that required for this study.
Computational methods
The activity of these compounds was correlated with various physicochemical parameters by density functional theory. The three-dimensional structures were generated with Gauss View 3.0, and all calculations were performed with Gaussian 03W programs. Geometrical optimization of 48 compounds was carried out by Lee-Yang-Parr exchange correlation functional with the 6-31G (d) basic set [23] [24] [25] [26] [27] . The geometry of the compounds was determined by optimizing all geometrical variables with no symmetry constraints [28] . ChemSketch [29] was used to calculate the other molecular descriptors.
The quantum chemistry descriptors were obtained for the model from the density functional theory calculations as follows: total energy (E), highest occupied molecular orbital (HOMO) energy (E HOMO ), lowest unoccupied molecular orbital (LOMO) energy (E LUMO ), the difference between LUMO and HOMO energy (Gap), the total dipole moment of the compound (μ, Debye), absolute hardness (η), absolute electronegativity (χ) and the reactivity index (ω) [30] . Table 1 The structure and the observed for the 48 MK801 derivatives (training and test set).
η, χ and ω were determined from:
The Advanced Chemistry Development ChemSketch program was used to calculate formula weight, molar volume (cm 3 ), molar refractivity (cm 3 ), parachor (cm 3 ), density (g/cm 3 ), refractive index (n), surface tension (γ (dyne/cm)) and polarizability (α e (cm 3 )) [31] .
Statistical analysis
To explain the structure-activity relations, we used principal component analysis, multiple linear and nonlinear regression in XLSTAT software [32] . The artificial neural network and leave-one-out cross-validation were performed with a program written in C language in Matlab 7.
Principal component analysis is a statistical technique used for summarizing information encoded in the structures of compounds and for understanding the distribution. It is essentially a descriptive statistical method for presenting the maximum information contained in Tables 2 and 3 in graphical form.
Multiple linear regression is used to study the relation between one dependent and several independent variables. It minimizes differences between actual and predicted values and was used to select the descriptors to be used as inputs into multiple non-linear regression and the artificial neural network. Multiple linear and non-linear regression were used to predict effects on the activity of dibenzo[a,d]cycloalkenimines (K i ). Equations were justified by the correlation coefficient (r), the mean squared error, Fisher's F statistic and the significance level (F value) [33] .
Artificial neural networks are artificial systems that simulate the function of the human brain. A neural network has three components: the processing elements or nodes, the topology of the connections between the nodes, and the rule by which new information is encoded in the network. While there are a number of models, the most frequently used artificial neural network in quantitative structure-activity relation studies is a three-layered feed-forward network [34] . In this type of network, the neurons are arranged in layers, with an input layer, one hidden layer and an output layer. Each neuron in each layer is fully connected to the neurons of a succeeding layer, and there are no connections between neurons in the same layer. According to the supervised learning model, the networks are taught by giving them examples of input patterns and the corresponding target outputs. Through an iterative process, the connection weights are modified until the network gives the desired results for the training set of data. A back-propagation algorithm is used to minimize the error function. This algorithm has been described previously, with a simple example of application [35] . A detailed description of this algorithm is given elsewhere [36] .
Cross-validation is used to explore the reliability of statistical models. In this technique, a number of modified data sets are created by deleting one or a small group of molecules, known respectively as "leave-oneout" and "leave-some-out" [37] [38] [39] . For each data set, an input-output model is prepared, and its accuracy in predicting the responses of the remaining data (those that were not used in the model) is evaluated. In this study, we used the leave-one-out procedure.
Results and discussion
Data set for analysis
The quantitative structure-activity relation analysis was performed using the Log K i of the 48 selected molecules that have been synthesized and evaluated for their ability to displace dibenzo[a,d]cycloalkenimines (experimental values) as reported by Thompson et al. [22] , The values of the 16 chemical descriptors as shown in Table 2 .
The principle is to perform in the first time, a main component analysis (PCA), which allows us to eliminate descriptors that are highly correlated (dependent), then perform a decreasing study of multiple linear regression based on the elimination of descriptors aberrant until a valid model (including the critical probability: p-value <0.05 for all descriptors and the model complete).
Principal component analysis
All 16 descriptors (variables) coding the 48 molecules were submitted to principal components analysis, and 17 components were obtained (Fig. 2) . The first three axes, F1, F2 and F3, contributed 41.5%, 21.6% and 11.1%, respectively, to the total variance, and the total information was estimated to be 74.2%. The Pearson correlation coefficients are summarized in Table 3 ; the matrix provides information on the negative and positive correlations between variables. Correlations among the 16 descriptors are shown in Table 3 as a correlation matrix; in Fig. 3 , these descriptors are represented in a correlation circle. As molar refractivity (α e ) and (gap, η) are perfectly correlated (r = 1), both variables are redundant. Molar refractivity, molar volume and polarizability are highly correlated (r (molar volume, molar refractivity) = 0.911, r (molar volume, polarizability) = 0.911. E HOMO and absolute electronegativity are strongly negatively correlated (r = −0.930), and E LUMO , absolute electronegativity and reactivity index are strongly negatively correlated: r (E LUMO , reactivity index)) = −0.976, (absolute electronegativity, reactivity index) = −0.957. The variables polarizability, gap, molar volume and absolute electronegativity were therefore removed.
In the projection of the compounds in the plane of the three first axes, F1, F2 and F3 (Fig. 4) 
Multiple linear regression
In order to propose a mathematical model and to evaluate physicochemical effects on the activity of the entire set of 48 compounds quantitatively, we submitted the data matrix constituted from the 12 variables corresponding to the training set to descendent multiple regression analysis. The correlation coefficient, r, the coefficient of determination, r 2 , mean squared error and F values were used to select the best regression performance.
Multiple linear regression allowed connection of the structural descriptors for the activity of each of the 38 compounds in order to evaluate the effect of the substituent quantitatively. The descriptors selected were molar refractivity, surface tension (γ), density, log (−E), E LUMO and reactivity index (ω).
The quantitative structure-activity relation model built with multiple linear regression is represented by: A high correlation coefficient and a low mean squared error indicate that the model is reliable. As the F value is less than 0.05, we would be taking a less than 0.01% risk in assuming that the null hypothesis is wrong. Therefore, we can conclude that the model provides a significant amount of information.
The quantitative structure-activity relation model showed that the N-methyl-d-aspartate antagonist activity can be explained by a number of electronic and topological factors. The negative correlation between surface tension and the total energy and the ability to displace the activity of dibenzo[a,d]cycloalkenimines results in a decrease in log (K i ), while the positive correlation between the topological descriptors density and molar refractivity and electronic descriptors E HOMO and E LUMO indicates the ability to displace dibenzo[a,d]cycloalkenimine activity, with an increase in log (K i ).
The predicted log (K i ) activities calculated from equation 1 in the optimal multiple linear regression model and the observed values are given in Table 4 . The correlations between the predicted and observed activities and the residue values are illustrated in Fig. 5 . The descriptors proposed in Eq. (1) were therefore used as the input parameters for multiple non-linear regression and the artificial neural network.
Multiple non-linear regression
We used also a non-linear regression model to improve the structure-activity relation and evaluate the effect of substituents quantitatively. We applied the Table 4 The observed, the predicted activities (Log Ki), and residue according to different methods for the 38 MK801 derivatives (training set).
No.
Obs descriptors proposed by multiple linear regression for the 38 molecules in the training set and used the coefficients r, r 2 and F to select the best regression performance. We used a pre-programmed function of XLSTAT as follows: The predicted activities calculated from Eq. (2) and the observed values are given in Table 4 . The correlations of the predicted and observed activities and the residues values are illustrated in Fig. 6 .
The true predictive power of a quantitative structure-activity relation model is its ability to predict accurately the activities of compounds in an external test set (compounds not used in the model development). The activities of the remained 10 compounds are deduced from the training set by multiple linear and non-linear regression. Their structures and the observed and calculated log (K i ) values are given in Tables 1 and 5 .
Comparison of the values of log (K i -test) and log (K i -obs.) shows that good predictions for the 10 compounds:
Multiple linear regression:
N = 10 r test = 0.750 r 2 test = 0.563 Table 5 The observed, the predicted activities (Log (K i )), and residue according to MLR and MNLR for the 10 tested compounds (test set).
No.
Obs Multiple non-linear regression:
Artificial neural networks
In order to increase the probability of characterizing the compounds well, artificial neural networks can be used to generate predictive models of quantitative structure-activity relations between a set of molecular descriptors obtained from multiple linear regression and the observed activities. The model was prepared with the properties of several of the compounds. A parameter, ρ, has been proposed for determination of the number of hidden neurons, which play a major role in determining the best artificial neural network architecture [40, 41] , defined as follows:
ρ= Number of data points in the training set Sum of the number of connections in the artificial neural network In order to avoid over-fitting or under-fitting, it is recommended that 1.8 < ρ < 2.3 [42] . The output layer represents the calculated activity values (log (K i )). The architecture of the artificial neural network used in this work was 6-2-1, with ρ = 2.11.
The correlation between the calculated and experimental artificial neural network and the residue values were highly significant, as illustrated in Fig. 7 and as indicated by the r and r 2 values. The predicted activities calculated with the artificial neural network and the observed values are given in Table 4 .
The r 2 value confirms that the results of the artificial neural network were the best for building quantitative structure-activity models. 'Leave-one-out' is an approach particularly well adapted for estimating the predictive ability of these models. The correlations between the observed activities, the cross-validation, calculated values and the residues are illustrated in Fig. 8 and Table 4 . (Table 1) and could add to the search for non-competitive antagonists of N-methyl-d-aspartate receptors and their interaction with the receptor.
Our tests with multiple linear and non-linear regression and artificial neural network models showed a substantially better predictive capability of the artificial neural network model. It showed a satisfactory relation between the molecular descriptors and the activity of the compounds and a good correlation with cross-validation (r cv = 0.836). 
Residu
Observa tion s Fig. 8 . Correlations of observed and predicted activities and residues values calculated using CV.
Conclusion
Multiple linear and non-linear regression and an artificial neural network were used to construct a quantitative structure-activity relation model for antagonists of N-methyl-d-aspartate receptors and compared. The artificial neural network had substantially better predictive capability than the other two models, with greater predictive power. We established satisfactory relations between several descriptors and antagonist activity to the Nmethyl-d-aspartate receptor, with cross-validation. The results show that the model proposed in this paper can predict activity accurately and that the selected descriptors are pertinent.
The accuracy and predictability of the proposed models were illustrated by comparison of the key statistical terms r or r 2 for the different models ( Table 4 ). The proposed methods will reduce the time and cost of synthesis and determination of the activity of N-methyl-d-aspartate receptor antagonists based on dibenzo[a,d]cycloalkenimine derivatives. Furthermore, the descriptors are sufficiently rich in chemical, electronic and topological information to encode structural features that could be used with other descriptors in the development of predictive, quantitative structure-activity models.
